Abstract. Polysomnographic (sleep) signals are recorded from patients exhibiting symptoms of a suspected sleep disorder such as Obstructive Sleep Apnoea (OSA). These non-stationary signals are characterised by having both quantitative information in the frequency domain and rich, dynamic data in the time domain. The collected data is subsequently analysed by skilled visual evaluation to determine whether arousals are present, an approach which is both time-consuming and subjective. This paper presents a wavelet-based methodology which seeks to alleviate some of the problems of the above method by providing: (1) an automated mechanism by which the appropriate stage of sleep for disorder observation may be extracted from the composite electroencephalograph (EEG) data set and (2) an ensuing technique to assist in the diagnosis of full arousal by correlation of wavelet-extracted information from a number of specific patient data sources (e.g. pulse oximetry, electromyogram [EMG] etc) 
Introduction
Although sleep encompasses a third of the average person's life, sleep and the disorders of sleep are poorly understood. Research suggests that sleep plays a restorative role in physiologic mechanisms and that the long-term disruption of sleep leads to disease and other degenerative disorders. [1] .
The most common of these is Obstructive Sleep Apnoea (OSA), which is a progressive, life-threatening condition that affects a large percentage of the population. It is normally only diagnosed following a lengthy evaluation process which involves extensive recording and visual scrutiny of polysomnographic data. This process is both labour-intensive and error-prone [2] .
The key objective of this work is to automate the above process by firstly producing wavelet-based tool, within MATLAB, which will establish the sleep stage. This is accomplished by establishing the presence of the K-Complex and Sleep Spindle and so confirming stage 2 of sleep, which is the principal region of evaluation. It is intended to then develop this tool to enable the detection of full arousal, the key indicator of OSA.
The Nature of Polysomnographic Signals
Polysomnographic, or sleep, signals are part of a composite physiological data set which are characterised by being non-stationary and having information in both the time and frequency domains. The physiological functions occurring during sleep are extensive. They are, in essence, neuro-cardio-respiratory in nature Such signals are gathered from patients whilst asleep within a controlled environment.
The key signals in question are:
1. EEG (electroencephalogram): neurological data collected from the scalp [3] 2. EMG (electromyogram): muscular data collected from on and beneath the chin 3. EOG (electrooculogram): eye movement data collected from the periphery of the left and right eyes
For the purpose of conventional analysis, the signal of primary importance is the EEG, although it may be correlated with others in the above set for more precise assessment of an event. The signal before amplification has an amplitude of between 10 to 100 µV and a frequency range of 0.5 to 40 Hz. The EEG signal is also normally classified into frequency bands:
Sleep Architecture
• below 4Hz (δ band) • between 4 and 8Hz (θ band)
• between 8 and 12Hz (α band) • above 12Hz (β band)
The Nature of Obstructive Sleep Apnoea (OSA)
Sleep Apnoea Syndrome (SAS), first described in 1965, is a phenomenon characterised by excessive daytime sleepiness. It is classified as Obstructive , Central or Mixed [4] .
Obstructive Sleep Apnoea (OSA) is by far the most common form of the aliment and is caused primarily by the collapse of the upper airway, resulting in diaphragmatic and chest wall movement without airflow. Individuals who have a narrower than average throat due to either genetic factors or obesity are thus more likely to occlude their upper airway during sleep giving rise to the repetitive arousal from sleep and repetitive hypoxaemia. It is this consequent sleep disruption and hypoxaemia which causes the daytime sleepiness and impaired cognitive function. As illustrated in Figure 1 , when the patient drifts off to sleep the muscles of the upper airway relax and loosen. Under these conditions, the upper airway can be obstructed completely producing a breathing pause or 'Apnoea' of at least 10 seconds in duration (meaning 'want of breath' from Greek) [5] . During such episodes, the patient will make continued efforts to breathe through the upper airway obstruction, but oxygen levels in the blood will fall. This results in the sufferer becoming hypoxic and the individual may exhibit heavy snoring.
After between 10 and 90 seconds, the increased respiratory effort to clear the obstruction or the falling blood oxygen levels alert the brain, and produce a brief awakening, or 'arousal', from sleep. Arousal restores the muscle tone of the upper airway and breathing can subsequently recommence until the next drift into sleep, when the cycle may be repeated.
The above cycle of disturbance may occur hundreds of times in the course of a night's sleep. The normal pattern of sleep, progressing through stages of light sleep into deeper and restorative slow wave sleep and then into dreaming sleep, may be grossly disrupted by the frequent arousals to recommence breathing, resulting in the shallow and broken sleep pattern which is a major cause of the daytime problems experienced in OSA.
Obstructive sleep apnoea is claimed to be an important cause of premature death and disability . There is increasing pressure to provide sleep services for the treatment of patients with sleep apnoea . Epidemiological evidence suggests that sleep apnoea causes vehicle and other workplace accidents . One of the most dramatic physiological consequences of OSA is the large rise in systemic blood pressure that occurs at the end of each apnoeic episode . Systolic blood pressure can increase by up to 100 mmHg, 300-400 times each night in severe cases. With regard to treatment, there is a paucity of robust evidence for the clinical and cost effectiveness of continuous positive airways pressure (CPAP) for most patients with sleep apnoea. [6] .
In summary, OSA is a serious, progressive and potentially life-threatening breathing disorder. It is among the most common chronic disorders in humans with a prevalence of around 4% of the general population. It is more common in men than women and it is estimated that mild to moderate sleep apnoea goes undetected in some 90% of sufferers. Some studies indicate that it is associated with an increased risk of heart attack and stroke and is also linked to depression, irritability and learning difficulties.
Conventional Polysomnographic Signal Analysis
The gold standard for diagnosis and evaluation of sleep apnoea is overnight polysomnography [7] . This is an expensive and labour intensive procedure which requires the patient to remain overnight in a sleep laboratory.
The scoring of the polygraph is based on the unit of the epoch, which is one page of a sleep record. In this case, this unit represents 30 seconds of recording time. For the purpose of scoring, each page is scrutinised in turn and assessed as a whole for its sleep stage. In some situations, the stages in the preceding and/or following pages influence the scoring of that page. The main evaluatory signal is the EEG, but EMG and EOG are also used in certain cases where sufficient uncertainty exists to warrant correlation.
The human analyst, must thus scan the entire sleep record, manually scoring periods of absent or decreased airflow (apnoeas and hypopneas), whilst correlating discontinuities against the other sampled data, as shown in Figure 2 . The repetitiveness and subjectiveness of the task also leads to inaccuracies and low interscorer agreement.
The growing number of patients being examined for OSA has caused a strain on healthcare personnel and consequently a need has arisen for technological improvements to increase efficiency of diagnosis. 
Data Source
The Scottish National Sleep Centre within Edinburgh Royal Infirmary provided the data for this work. The EEG data was gathered from scalp-mounted transducers at C3 and C4 on the scalp as indicated in [3] .
The data was recorded on a computerised polysomnographic system (Compumedics Inc., Melbourne, Australia), sampled at 125 Hertz and stored on optical disk. The data is encoded in EDF (European data Format).
The data from 11 patients was supplied, ranging from normal through atypical to pathological OSA sufferers. Personnel at the Sleep Centre had manually scored this data and the tabulated results for both arousal events and sleep stages were supplied. For initial evaluation purposes, it was decided to focus on the data of a severe OSA patient, as the various events within the EEG data set for this individual were much easier to correlate by visual inspection 7 Automatic Detection Method for K-Complex and Sleep Spindle
Rationale
As a first step towards an automated mechanism for detecting arousal within OSA sufferers, it is imperative that the appropriate stage of sleep be first established. This is of particular importance as the vast majority of visual scoring is conducted in Stage 2 NREM sleep. A number of automated methods have emerged for the purpose of sleep staging over the past twenty or so years [8] .
Any method so created must also take into account the considerable variability of data both intra and inter-individual and the inherent stochastic nature of the EEG [9] .
Thus the key characteristics of this sleep stage are:
Presence of Sleep Spindles 2. Presence of K-Complexes
The difficulty in detecting the above parameters is compounded by EEG background activity. Thus some type of filtering technique must be utilised in the first instance. The signal processing method chosen for this investigation was the Wavelet Transform for the following reasons:
It is capable of extracting both time and frequency information 2. Unlike the Short-Term Fourier Transform (STFT), it's resolution varies with frequency
The above is especially useful when the signal under scrutiny has short duration, high frequency components and long duration ,low frequency components.
K-Complex
This signal, which is central vertex in origin, is described as a biphasic wave swinging negative then positive going (or the reverse depending on the location of the probes on the skull). A typical K-Complex waveform is shown in Figure 3 . The voltage measured from peak-to-peak should exceed 75 micro volts with a duration of between 0.5 and 5 seconds. It should also be at least twice the amplitude of the preceding one second of sleep activity.
Fig. 3. Typical K-Complex
Particular care must be taken not to confuse K complexes with slow (delta) waves, as shown in Figure 4 . As a general rule, K complexes tend to occur in groups and runs. K complexes are often accompanied by a transientincrease in EMG activity, and this also helps to discriminate them from slow waves. 
Sleep Spindle
A sleep spindle must be more than half a second in duration in order to be scored. Sleep spindles are small 'bursts' of brain activity and are more abundant during, and thus indicative of, Stage 2 sleep. A typical Sleep Spindle waveform is illustrated in Figure 5 . The frequency range of sleep spindles is 12 -16 Hz [10] . The range of duration <2 seconds and but > 0.5 seconds. Sleep spindles are generated in the thalamus and are generally diffuse, but of highest voltage over the central regions of the head. The amplitude is normally less than 50 µV in the adult. One of the identifying EEG features of non-REM stage 2 sleep; may persist into non-REM stages 3 and 4; not seen in REM sleep. 
Automatic Detection Algorithm Development
The composite algorithm for arousal detection is shown in Figure 6 .
The wavelet packet transform, within the MATLAB software suite, was employed to extract the relevant frequency band, although high frequency decomposition of the composite EEG signal was not an intention. The main purpose of using the packet approach was to afford easier graphical visualisation of different frequency bands within the decomposed signal
The frequency bands available for analysis are dependent on the sampling frequency of the signal, which is 125 Hz. Using the wavelet decomposition tree this means the analysis level is level 5 (for K-Complex) in order to extract the appropriate ( < 4 Hz δ band) frequency range. It was subsequently discovered that level 4 (10-16 Hz) was better suited for Sleep Spindle detection (i.e. 12-24 Hz β band)).
It was decided to use, for initial analysis, the HAAR wavelet as it is the simplest orthogonal system and thus fastest, especially for signals with rapid transitions. A test epoch (Slst21.mat) was used as a benchmark for initial evaluation as it contains a clear and confirmed K-complex, as well as an additional borderline K-complex. The main stages are:
• Check the position of the pointer is valid, i.e. 3 positions from the end of the array.
• Check the type is N, i.e. negative turning point.
• Set the duration and amplitude • Check the duration and amplitude are within the required limits.
• Log K-complex
The algorithms for both turning-point and K-Complex were encoded within MATLAB using M-Files
Detection System for Sleep Spindle
As illustrated in Figure 6 , for full establishment of the sleep stage (i.e. stage 2), it is necessary to ascertain the presence of the Sleep Spindle. This is accomplished in a manner similar to that for the K-Complex Detection criteria for the Sleep Spindle was taken as : The Sleep Spindle Detection sequence, as illustrated in Figure 9 , is currently being developed. It is intended that this will merge with the K-Complex algorithm as illustrated in Figure 6 , to provide a fully automated detection system for the establishment of stage 2 sleep.
Results
Initial results obtained following application of the K-Complex algorithm on the sleep data have been very encouraging, with detection being achieved on both the full and marginal K-Complex within the epochs scrutinised, as shown in Figure 10 . It will be necessary to undertake extensive further tests on the sleep data, in order to refine the detection algorithm and thus obtain acceptable correlation across a range of visually-scored patient data.
Discussion
Results obtained from initial tests with the K-complex detection algorithm have been encouraging. It is now considered worthwhile to refine this tool and develop the companion model for detection of the Sleep Spindle. This may also require, due to the decomposition band cut-off point, to examine for the presence of Spindles across two stage outputs (i.e. 3 and 4) Additionally, it is important not to consider such events in isolation. The packet sequence of Spindle, K-Complex and Delta wave and their inter-dependency in time must also be considered. This is especially important when extending the analysis to encompass full arousal detection, which is the best indicator of the presence of OSA. An EEG arousal is defined as an abrupt shift in EEG frequency, which may include, θ, α and/or frequencies greater than 16 Hz but not spindles.
The parameter that exhibits the least uncertainty is the usage of wavelets with this type of data.. Experimentation with different Wavelet families is, however, another important area of further investigation: only the Haar wavelet has been tested so far with the K-Complex detection tool. Of particular future interest are those of the Morlet family.
Involvement of other polysomnographic signals (e.g. EMG, EOG, Pulse Oximetry) is viewed as an important development to this work and is hoped to yield more accurate results. In a fashion similar to some automated sleep stage detection methods, a 'jury' system of such wavelet-processed signals could provide an accurate automatic diagnosis of sleep data. Such a jury should involve not only these signals or elements of signals which are expected to exhibit change during a suspected arousal, in either the frequency and/or time domains, but also those that are expected not to show any variation.
The above, in time, might necessitate the employment of other more sophisticated methods of classification e.g. neural networks or genetic algorithms.
